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Revised v1.6 (August 2026). The rebalance design, the cohort definition and the level-versus-

timing exhibit all changed; the headline is +2.42pp at t ≈ 3.0. Full revision history is in

Appendix A.

Abstract
We construct a holdings-based decomposition of performance for 212 diversified US equity mutual

funds over 2006–2026. Security returns are sequentially orthogonalized with respect to market, sector,

subsector, size and value components, and the resulting security-level residuals are aggregated using

reported fund holdings. At each quarter-end, funds are sorted on their trailing 36-month stock-

selection residual, and top-minus-bottom-quintile residual performance is measured over the

subsequent twelve months.

Averaging across four staggered annual tracks yields a forward spread of 2.42 percentage points across

59 formation dates (calendar-year block-bootstrap standard error 0.81 percentage points; t = 3.01; 95%

confidence interval [1.05, 4.17]). Style-timing estimates are negative (−2.29pp, interval [−4.45, −0.46])

and sector-timing estimates are not statistically distinguishable from zero (+1.12pp, interval [−1.04,

3.10]), measured through the identical procedure. Point estimates are positive in both subperiods but

less precise after 2015.

The results indicate persistent cross-sectional differences in holdings-implied stock-selection residuals

within the sampled large-cap US equity cohort. Comparing forecasts formed from prior information

only, ranking on a fund’s long-run level yields a forward spread of 0.81 percentage points against 2.03

for the current trailing feature on the same anchors, with cross-sectional rank correlations of 0.03 and

0.11. The evidence therefore establishes persistence in an observable, slow-moving ranking signal

rather than a permanent manager fixed effect that could be estimated once and held. The analysis is

gross of fees and remains subject to incomplete dead-fund coverage and to report-date rather than

observed filing-availability timing.
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1. Introduction
There is far more information available — it just isn’t in the marketing. Every US mutual fund reports

its full portfolio holdings every quarter to the SEC. The fact sheets even print a snapshot: Contrafund’s

latest filing shows 25.8% technology and 22.2% communication services, with a top ten running Meta,

NVIDIA, Amazon, Berkshire Hathaway, and Alphabet. But that is a single static picture of what they

hold today — not how those positions performed, and not why.

The RiskModels Holdings-Based Return Decomposition turns the full history of those quarterly

positions into the answer. It is bottom-up: because we know what each fund held at each point in time,

and we have already decomposed every underlying stock’s daily return into its market, sector,

subsector, and style layers, we can rebuild each fund’s realized return stock by stock and split it into

the pieces the fund documents cannot:

how much came from simply being in the market,

how much from style — a persistent size or value lean,

how much from sector and subsector tilts,

and how much from picking individual stocks — the residual left once the first three are stripped

away.

The decomposition is a single sequence — market, then sector and subsector (the industry cascade),

then a final size/value block (the Fama–French “ff2” strip) on top — and what remains after the full

sequence is the residual used in this test — the component most directly associated with stock

selection.
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Each stock’s gross return is peeled, in one fixed sequence, into a market block, sector (L2) and subsector (L3) industry blocks, a

size/value style block, and a single stock-specific residual — the component that isolates the manager’s bet. Market, sector, and

subsector are ETF-hedgeable; style is a diagnostic; the stock-specific residual is what this paper tests. The components sum back

to the gross return, and the same decomposition is reproducible through the holdings rather than estimated from a return

series.

Why holdings-based and point-in-time matters. Unlike returns-based factor regressions, this

design is holdings-based and point-in-time at both the fund and the position level. It therefore asks a

different question: not whether a fund’s historical return intercept persists, but whether the stock-

specific return generated by the stocks it actually held persists once common exposures are removed.

The distinction is what makes the test time-safe — every residual in any month is built only from

positions an investor could have known then, decomposed with factor estimates that use no future

data — and it is why the result speaks to identifiable, ex-ante selection rather than a byproduct of an

end-of-sample regression fit.

Place every diversified US equity fund on two axes: how much of its residual is just style premium

(horizontal), and how much style-neutral stock-picking is left once that premium is stripped (vertical).

The managers an allocator actually wants live in the upper-left — real selection, little reliance on a

style tilt. The lower-right is where a value or growth bet is doing the work that looks like skill. The

remaining question is whether this vertical axis predicts forward outcomes — and whether it is the

only axis that does.
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Each point is a diversified, SPY-benchmarked US equity fund, placed by style dependence (horizontal — the share of its

residual that is Fama–French size/value premium) and style-neutral stock-picking (vertical — the FF-stripped trailing

residual); the top-quintile style-neutral pickers are highlighted. Dashed lines mark cohort medians. Genuine stock pickers sit

upper-left; style riders, whose edge is mostly a size or value tilt, sit lower-right.

1.1 The latent-factor confound
The window-dependence above is not sampling noise; it is a structural symptom of model

misspecification. A single returns-based market beta is forced to serve as a catch-all proxy for a time-

varying matrix of underlying factor exposures, and because the regression omits explicit controls for

sector structure, subsector tilts, and style premia, the estimator suffers from omitted-variable bias on

two margins:

Factor leakage into the slope. When a fund is tilted toward a high-beta sector (technology) or a

style block (small-cap growth), the OLS estimator mechanically compresses those distinct

exposures into β_mkt. The coefficient stops measuring broad-market sensitivity and becomes a

blend of unmodeled sector and style covariances — which is precisely why it wanders as those

cross-sectional correlations shift over time.

Windfall absorption by the intercept. Symmetrically, when an omitted layer enjoys a cyclical

tailwind, the single-factor model misattributes that systematic return to the intercept, α. What

returns-based scorekeepers report as “manager alpha” is frequently unmodeled, replicable,

systematic risk riding along in the model’s blind spot.
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Both failures share a root cause: portfolios are dynamic — managers continuously adjust selection,

sector concentration, and subsector exposure — while a returns-based beta imposes a static, average

linear relationship over a 36- or 60-month window. A static estimator cannot track point-in-time

exposure shifts; it lags, destabilizes, and fails out of sample. To isolate stock selection directly, this

paper therefore uses a holdings-based decomposition rather than a returns-based regression — the

cascade of Section 2, in which each layer is measured bottom-up, position by position, point-in-time as

an accounting identity on the portfolio, rather than recovered as a window-dependent regression

coefficient.

So from the offering materials an allocator can see, at best, how much the fund returned and roughly

how much it moves with the market — and even that market sensitivity is poorly anchored. What they

cannot see is the thing they are actually buying: did the return come from style, from sector bets, or

from picking individual stocks?

2. Related literature
The holdings-based forward spreads reported by Cambridge and Morningstar are of a similar order of

magnitude to ours, but the studies differ in universe, period, signal construction, and alpha definition.

Morningstar scores a fund using the track records of other funds holding the same stocks; Cambridge

uses active share; our signal is the manager’s realized style-neutral residual. These are contextual

comparisons, not direct validations.

We ran a sharper test of whether this is identifiable stock selection: do skilled funds’ big bets actually

win? At each rebalance we sort funds into skill quintiles on trailing stock-picking, take each fund’s ten

highest-conviction positions — its largest overweights versus the peer-cohort consensus holding —

and track those positions’ forward 12-month style-neutral residual return. The overweights of top-

quintile pickers beat the overweights of bottom-quintile pickers by +2.1pp over the next year (t ≈ 2.0,

positive in 10 of 15 years, out of sample, 2006–2026). The direction supports the reading that the

persistence is not a fund-level statistical artifact but lives in the specific, high-conviction, peer-

differentiated stocks that skilled managers emphasize. That support is marginal on the current

cascade, and we do not lean on it harder than t ≈ 2.0 allows. A fuller treatment — index-relative

weights, a replicable “best ideas of skilled funds” portfolio, and transaction costs — is the subject of a

companion paper.

(We also implemented the Cohen-Coval-Pástor consensus measure on the same cohort. On a

homogeneous large-blend universe it cannot discriminate, since nearly every fund holds the same

mega-caps — a known property of consensus signals on such cohorts rather than an artifact of our

implementation.)
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Contribution. Each building block of this method is established — holdings-based selection signals,

factor neutralization, out-of-sample persistence validation.

We are not aware of a single incumbent product or published manager-selection

framework that combines all of: a signal that is holdings-based, factor- and sector-neutral

by construction, and validated out of sample on which decomposed component persists.

Each existing method addresses part of this combination. Cambridge uses active share (not factor-

neutralized); Morningstar’s best predictor is style-adjusted but not sector-decomposed, and its risk

model stops at 11 sectors and is validated for risk, not skill. Relative to these approaches, this paper

contributes (1) an out-of-sample test identifying which decomposed return component persists; (2)

factor and sector neutralization through the subsector level; and (3) a holdings-based decomposition

reproducible from the published panel. A head-to-head comparison of subsector against sector-only

depth was carried on an earlier data vintage and is withdrawn pending a re-run on the current

decomposition.

3. Data and sample construction
Cohort definition (at each rebalance). The cohort is, at each rebalance, SPY-benchmarked (BW-

BENCH-SPY) US equity funds with coverage-quality “high” or “medium.” The intended universe is

diversified US equity; after the SPY-benchmark and name filters the realized cohort is effectively

entirely the large-cap-blend group (the panel’s style_group  field is a coverage-derived tag, not a

prospectus label, so style breadth is enforced by fund-name filtering rather than a reliable style

classifier). Sector, specialty, international, and passive products are excluded by name. The numbers

therefore characterize a large-cap US-blend cohort specifically. This yields 212 funds total across the

sample, 59 quarter-end anchors over sixteen years, with a median cross-section of 171 funds, over

2006–2026.

Filtering methodology, and how it is versioned. The cohort definition is published as a versioned

release rather than held in code, so each refresh of this paper records what changed. Spec v1.0.0 is the

chain above (benchmark, style, name regex, coverage band) yielding 256 funds. Spec v1.1.0 adds two

steps that repair documented gaps in the name filter without replacing it. First, eighteen multi-asset

and sector products the regex admits are removed — thirteen balanced funds, Fidelity Puritan, two

allocation funds and two REIT funds — since the regex has no balanced or allocation term and

matches “real estate” but not “realty”. Second, twenty-six duplicate series are removed: keying on SEC

series ids collapses share classes but not distinct series holding the same portfolio, and several

strategies are registered as separate distribution-channel series whose returns correlate above 0.999.
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That second step is not reproducible from the published panel, since detecting it requires per-fund

daily return stores, so the resolved fund list is the authoritative artifact. Full history, including two

statistical leakage detectors that were built and rejected, is in the cohort release.

Effect of the widening on early-year dispersion. The 36 added funds are ~10% of the early (pre-

2015) cross-sections and are individually less cross-sectionally dispersed than the incumbents (trailing-

feature σ ≈ 0.021 vs 0.039). Their entry nonetheless reshuffled the quintile breakpoints and added

idiosyncratic tail noise: the early-half Q5−Q1 mean rose modestly (+2.12 → +2.30pp) while its year-

to-year volatility rose more (2.33 → 3.12pp), which is why the early-half t falls from ≈ 2.2 to ≈ 1.8 even

as the mean improves. The persistence direction is unchanged in every comparable year; the widening

trades a little mean for more variance in the thin early cross-sections, and we report the wider, more

conservative cohort as the headline rather than the tighter 220-fund subsample.

Rebalance convention. Each rebalance is taken at each calendar year’s last available observation —

annual and strictly non-overlapping.

Feature and outcome windows. The ranking feature is the trailing-36-month mean of the relevant

skill (minimum 24 monthly observations required); the outcome is the forward 12 months.

Decomposition engine. The underlying engine runs a bottom-up cascade on a security-level

universe of ~6,300 distinct securities including delisted names across ~5,000 trading days,

decomposing every stock, every day, through one sequence — market / sector / subsector layers (the

“sector cascade”) followed by a size/value block (the Fama–French “ff2” strip) on top. Stock residuals

are aggregated to funds through their actual reported point-in-time holdings — SEC N-PORT for

recent history and a restored N-Q deep history before 2019. The fund cohort, however, is drawn from

funds that exist as of the panel’s final date and is back-filled through history; it therefore does not

include funds liquidated, merged, or renamed before the panel end, and is subject to survivorship and

backfill bias. We characterise sensitivity by re-running on sample-composition subsamples — funds

present from the panel start (first observation ≤ 2006) and the balanced panel present at every

rebalance — where the gap holds at roughly +1.9 to +2.0pp and the t stays strong (≈ 2.7 on the early-

start subsample, ≈ 3.5 on the balanced panel); the result also holds when the bottom quintile is

dropped entirely, so it is not an artifact of truncating poor performers. Measured on the 212-fund

cohort: every fund has a resolvable last filing date, 15 stop filing before the panel ends and none

stops before mid-2020 (the earliest is June 2020). The cohort therefore contains late-sample stoppers

but no fund that ceased reporting earlier, so every pre-2020 cross-section is composed entirely of funds

that survived to the roster date. There is no dead-fund overlay: the 36 funds added in an earlier

revision were funds on the current roster whose pre-2019 history was recovered, not funds that had

ceased to exist. Eligibility is evaluated at each anchor within the available panel, but the panel itself is

not survivorship-free. Holdings are carried forward from their report date (the period they describe), so

the returns side carries no look-ahead — a fund’s residual in any month is built from the positions it

actually held. The one residual timing assumption is availability: report-date holdings are not public
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until the fund files them, up to ~60 days later, so the trailing feature’s most recent quarter is not yet

actionable in real time. The limitation is that Section 7.1 re-runs the ranking on filing-lagged (~60-day-

stale) holdings and the estimate remains positive; a faithful per-filing availability treatment is tracked

as follow-up (the N-Q reingest captured filing dates but has not yet propagated them to the returns

panel). Holdings are treated as static between filings (a conservative carry-forward).

The broader panel from which the cohort is gated contains on the order of ~170,000 coverage-gated

fund-months across ~1,000 funds; the manager-selection tests in Sections 4–5 run on the diversified

SPY-benched cohort described above.

Subsector is the finer industry grouping one level below sector.

4. Holdings-based return
decomposition
Each fund’s return in month t is rebuilt as the holdings-weighted sum of its stocks’ decomposed

returns, using only positions known as of t (point-in-time):

with the weights w_i,t  taken from the latest filing on or before t.

Each stock’s daily return is decomposed two ways. The two cascades produce two residuals:

Sector-cascade residual — the part of return orthogonal to industry structure:

Fama–French-cascade residual — the part orthogonal to style:

Doubly-cleaned stock-picking — the part orthogonal to both industry structure and style:
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This residual, ε_pick(t), is the paper’s structural parameter — the idiosyncratic, non-systematic

component of performance whose out-of-sample, cross-sectional stability the rest of the paper tests. It

is the stock-selection target throughout.

Point-in-time style neutralization. Style is stripped strictly point-in-time. For each fund and month

t, the rolling factor betas are estimated by OLS on a strictly trailing 36-month window ending at t (no

look-ahead):

and the style-neutral residual is that residual minus its fitted style component:

Because the window ends at t, the neutralization uses only information available at the time.

Why an ff2 style block (size + value), not Carhart (with momentum). We use an ff2 style block

— SMB and HML — rather than a broader Carhart-style block that includes momentum. The reason is

conceptual and practical: the paper’s target is persistent stock-selection skill read from holdings, not

short-horizon price-continuation exposure. Momentum is therefore treated as a robustness dimension

rather than part of the primary style definition. A prior revision repeated the ranking comparison after

additionally stripping momentum; the stock-selection result does not depend on omitting it.

4.1 The three skill axes
The three manager skills tested in Section 6 are constructed from the cascade layers (the market/beta

layer is excluded — it is not a selectable skill):

Style timing = the fund’s size/value contribution (β_smb·SMB + β_hml·HML) inside the residual.

Section 6 further decomposes this into a static tilt (β̄·factor, using the fund’s own mean exposure)

and a timing component ((β_t − β̄)·factor); the anti-persistence lives in the timing component,

with the static tilt neutral.

Sector/subsector timing = the ERM3 sector and subsector layers (systematic return net of the

market layer).

Stock picking = the style-neutral residual (residual net of size/value).

4.2 How this differs from conventional attribution
The established tools stop short of isolating stock selection:
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Tool What it gives you Isolates stock-picking?

Holdings look-through

(“X-Ray”)

current sector, style-box and region weights No — exposures, not return or

skill

Brinson attribution active return → sector allocation + within-

sector selection

Partial — “selection” still

contains style and size bets

Morningstar Direct

Global Risk Model

factor exposures + a security “specific

return” (8 style, 11 sectors)

Closer — but flat: no subsector,

noisy multi-year betas

This work market, style, sector, subsector and stock-

specific return; persistence-tested

Yes — bottom-up and tested out

of sample

Two differences matter. First, ours is bottom-up and goes one level deeper — to subsector: it removes

the actual market, sector, and subsector (one level below the industry’s 11 sectors) peer-group return

directly, then strips Fama–French size/value — rather than regressing each stock on a fixed set of

broad factors. Second, and more important, it adds the step none of these tools provide: it tests, out of

sample, which decomposed components actually persist — and (as the rest of this paper shows) only

stock-picking does. A risk model reports what happened; it does not tell an allocator that the selection

piece is the only one worth selecting on.

Related to Active Share, but different. This work is related to Active Share — the widely used

measure of how much a manager’s holdings differ from its benchmark — but it asks a different

question. Active Share asks how different a manager is from a benchmark; this paper asks which part of

that difference actually persists: style, sector, or stock selection. Active difference is necessary for active

skill to matter, but it is not evidence of skill by itself — and only one component of that difference

(stock selection) persists here. (Active Share is taken up directly in a companion paper.)

5. Research design
The empirical problem is one of identification before estimation: precisely which component of active

return is being tested, and whether that component is observable point-in-time from holdings. The

research design fixes the return component, the information set, the formation rule and the forward

horizon before estimation. At each year-end we form the fund universe as it existed then (eligibility

evaluated at each anchor within the available panel; the panel itself is not survivorship-free), read each

fund’s positions as of their report date (the period the holdings describe), carry them forward, and

decompose them into the cascade above using factor estimates that see no future data — then score a

trailing-skill sort against a strictly forward, non-overlapping outcome window, so within a track no

scoring window is reused and the returns side carries no look-ahead; across the four staggered tracks

the windows do overlap, and Section 5.1 prices that dependence. One timing assumption remains

explicit and is tested separately: report-date holdings become public only when the fund files, up to ~60
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days later, so the trailing feature’s most recent quarter is not yet actionable in real time; Section 7.1 re-

runs the test on ~60-day-stale (filing-lagged) holdings and the estimate remains positive. The stock-

selection residual is the target; style timing and sector timing, run through the identical machinery, are

comparison components.

An allocator has already chosen a mandate (“I want a large-cap US stock fund”) and now must pick

which fund. They want evidence of a repeatable stock-selection component, not a return record driven

by luck or by transient exposure. So we ask, of everything a manager actually does, which parts repeat

— because only the parts that repeat are worth selecting on. For each layer of the decomposition

above, the test is a single, plain question: if a manager was good at it over the past 3 years, are they still

good at it over the next year?

How to read the interval. A positive interval excluding zero indicates persistence; a negative interval

excluding zero indicates reversal; an interval spanning zero indicates no detectable pattern.

A brief note on which statistic is the headline. Throughout, the persistence result is measured on four

staggered annual tracks, one anchored at each quarter-end. Within a track the forward twelve-month

windows are non-overlapping, so the simple annual statistic applies to each track unchanged; the four

are then pooled, and the standard error comes from a bootstrap over whole calendar years that prices

their overlap. An earlier revision of this paper anchored on December year-ends alone. That choice

discarded three of every four quarters of information and, as Section 6 documents, selected the most

favourable of the four available anchors. (The fuller methodological history behind these choices,

including statistics from an earlier framing that did not withstand adversarial re-review, is

documented in the replication appendix.) The headline persistence number is the +2.4pp forward top-

minus-bottom-quintile gap at t ≈ 3.0 reported in Section 6. A separate and distinct question — which

residual best ranks managers on the stock-picking skill — was carried in prior revisions and has been

withdrawn pending re-validation on the current decomposition.

5.1 Formation, scoring and the forward window
Symmetric validation design. The design is symmetric across three candidate manager-selection

signals — style timing, sector timing and stock selection, the latter two serving as comparison

components rather than negative controls, since a significantly negative outcome is not a conventional

negative control. For each, the identical estimator, windows, cohort and forward horizon test the

hypothesis that its trailing value carries no forward cross-sectional information. Only stock selection

exhibits significant positive persistence. Style timing is significantly negative and sector timing is not

distinguishable from zero. Because the estimator is held fixed and only the target component changes,

the differential result is specific to the stock-selection residual rather than a generic sorting effect.
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Formation grid. The test runs on four staggered annual tracks, one anchored at each quarter-end.

Within a track, formation dates are twelve months apart and the forward twelve-month scoring

windows do not overlap. At each anchor, funds are ranked on their trailing 36-month residual at the

relevant axis, computed from information available at that date, and the subsequent twelve months’

top-minus-bottom-quintile gap is recorded. Cross-sections below 25 funds are dropped. This yields 59

anchors across sixteen calendar years.

The four tracks are not independent of one another. They overlap in calendar time, their annual gaps

correlate at 0.65 on average across pairs, and a forward window opened in December of one year

overlaps one opened the following March. The 59 anchors are therefore 59 measurements of a smaller

number of independent episodes, and “47 of 59 positive” is a descriptive count rather than 59

independent confirmations.

Inference. The standard error comes from a moving-block bootstrap that resamples whole calendar

years, carrying every anchor within a resampled year together, with 20,000 replications and percentile

intervals. Treating the anchors as independent would give a standard error of 0.47pp and t ≈ 5.1

against the reported 0.81pp and t ≈ 3.0, so the dependence correction is of first-order importance.

Sensitivity to how that dependence is modelled:

Method SE (pp) t 95% interval (pp) Effective blocks

Moving block, 1 year (reported) 0.81 3.01 [+1.05, +4.17] 16

Moving block, 2 years 0.73 3.33 [+1.05, +3.89] 8

Moving block, 3 years 0.69 3.53 [+0.99, +3.68] 6

Stationary, mean block 2 years 0.71 3.43 [+1.14, +3.91] —

Stationary, mean block 3 years 0.63 3.85 [+1.27, +3.74] —

Newey–West, lag 3 0.69 3.58 — —

The bootstrap uses all overlapping block origins, so it is a moving-block scheme; with one-year blocks

that reduces to resampling the sixteen calendar years directly. One-year blocks give the widest interval

of every method tested and are what we report. Longer blocks and the stationary bootstrap both raise

the t. The lower bound of the interval is stable near +1.0pp across all five bootstrap specifications.

One-year blocks are also the most conservative choice for sub-sample exhibits, where the pre-2015 half

spans only six calendar years.

Multiple testing. The design evaluates three skills, and these are the exhaustive decomposition of the

return rather than a search over candidate signals. The stock-picking result remains significant after

correction. Because the headline interval is a percentile bootstrap interval, the p-value is computed the

same way rather than from a Gaussian approximation: re-centring the bootstrap distribution to impose
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the null gives a two-sided p ≈ 0.005, which becomes p ≈ 0.015 under Bonferroni, Holm and

Benjamini–Hochberg across the three components — still significant at the 5% level, though less

comfortably than a normal approximation would suggest (p ≈ 0.003 before correction).

Feature autocorrelation. The trailing feature is a 36-month mean, so consecutive observations

overlap — by 24 of 36 months at annual spacing and 33 of 36 at quarterly spacing. Its measured

within-fund autocorrelation of 0.633 at lag one is almost exactly the 24/36 the overlap alone predicts,

so it is mechanical rather than evidence of persistence in the underlying quantity. This matters for any

statistic computed across a fund’s own observations, and Section 7.2 treats it explicitly. It does not

affect the rank test above, where the feature is observable at formation and the outcome is strictly

subsequent.

6. Main results
Component Forward Q5−Q1 t Interpretation

Style timing −2.3pp −2.2 Reversal — predicts lower subsequent performance

Sector timing +1.1pp +1.1 No detectable pattern

Stock picking +2.4pp +3.0 Persistence — interval excludes zero

The stock-selection residual carries forward — a forward top-minus-bottom-quintile gap of +2.42pp

with a 95% confidence interval of [+1.05, +4.17]pp and bootstrap t = 3.01, measured across 59 quarter-

end anchors spanning sixteen years. Run through the identical estimator, the other two components

behave differently from each other and from stock picking. Style timing predicts lower subsequent

performance (−2.29pp, t ≈ −2.2, 95% interval [−4.45, −0.46]pp excluding zero): funds that recently

timed size and value well tend to give some of it back. Sector timing is not distinguishable from noise

(+1.12pp, t ≈ 1.1, interval [−1.04, +3.10]pp straddling zero). Measuring all three the same way

distinguishes a property of the residual from a generic consequence of the estimation procedure.
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Each point is one fund-anchor: style-neutral stock-picking over the prior three years (horizontal) against the next twelve months

(vertical), for the 212-fund cohort. Funds in the top past quintile (blue) average +2.8pp over the following year against +1.4pp

for the rest, and the cross-sectional Fama–MacBeth slope is positive at t = 4.2 (calendar-year block bootstrap over 59 anchors).

The same evidence reads in both directions. Read forward: where do this period’s top stock-pickers

land next? Read backward — the question an allocator actually faces — the funds that finished among

next period’s best, where did they start? Almost all were already near the top: 29% of next period’s top

quintile started there and 49% started in the top two, against 20% and 40% if skill were random. Only

20% came from the bottom quintile.
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Persistence read both ways, pooled across all four quarter-end anchors. Left: where this period’s top pickers land next — they

stay top 29% of the time against 20% by chance, and reach the top two 47% against 40%. Right: where next period’s best pickers

came from — 29% started in the top quintile, 49% in the top two, and only 20% in the bottom. Persistence is real but not

deterministic, which is why this is a cohort ranking signal rather than a single-fund guarantee.

A note on the style-timing verdict, which is firmer here than in the prior revision. On the December-

only construction that revision used, style timing scored −2.39pp at t ≈ −2.4 and was reported as

directionally negative with an interval spanning zero. Pooling the four anchors leaves the point

estimate close at −2.29pp while tightening the interval enough to exclude zero. The pooled style-

timing estimate is −2.29pp with a 95% interval of [−4.45, −0.46].

Forward 12-month top-minus-bottom-quintile gap for each manager skill, with 95% intervals from a calendar-year block

bootstrap across 59 quarter-end anchors. Intervals crossing zero are not distinguishable from zero: stock picking is positive with

an interval excluding zero (+2.42pp, +1.05 to +4.17), style timing is negative with an interval excluding zero (−2.29pp, −4.45

to −0.46), and sector timing straddles zero (+1.12pp, −1.04 to +3.10) and is not distinguishable from noise.
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Sensitivity to the choice of rebalance anchor. An annual test has to start somewhere in the

calendar, and the prior revision started at December. That choice is not neutral. Running the identical

test on each quarter-end separately gives four estimates of the same quantity:

Anchor Forward Q5−Q1 t Positive years Median cross-section

March +2.57pp 2.33 9 of 15 171 funds

June +2.13pp 2.16 10 of 14 167 funds

September +2.05pp 2.13 12 of 15 166 funds

December +2.93pp 3.63 13 of 15 171 funds

All four pooled +2.42pp 3.01 47 of 59 171 funds

December is the highest of the four, and the prior revision reported it as the headline. Testing whether

December is genuinely different rather than the largest of four correlated draws: the per-year contrast

between December and the mean of the other three anchors is +0.76pp with a bootstrap standard

error of 0.75 (t ≈ 1.0), and December exceeds the other three in 7 of 15 years — a coin flip. The

advantage is concentrated in a handful of years rather than being a property of the calendar. There is

no year-end effect to explain here, only the arithmetic of picking the maximum of four noisy estimates.

Pooling all four removes the choice, and it is the construction used throughout this revision.

Stability across anchors and subsamples. Because each track is annual and non-overlapping, the

result rests on 59 anchors across sixteen calendar years, and we show every one rather than only the

summary. The figure below plots the year-by-year top-minus-bottom-quintile gap for all three skills,

with each skill’s mean and a ±2 SE band. The pattern is consistent rather than driven by one or two

extreme years: stock-picking is positive in 47 of 59 anchors (mean +2.42pp), style timing in 19 of 59

(mean −2.29pp), and sector timing in 36 of 59 (mean +1.12pp) — close to a coin flip. The cross-

sectional Fama–MacBeth slope is positive throughout (t ≈ 4.2), and the gap is robust to a 16%

widening of the cohort (Section 3).

The half-sample split needs stating carefully, because pooling changes which half has the tighter

interval. The gap is +2.69pp (t ≈ 4.3) before 2015 and +2.27pp (t ≈ 1.9) after, against +2.5pp and

+2.2pp on the prior December-only construction. The means are close to the prior revision’s in both

halves, so the finding that the result holds in both halves is unchanged. What moves is the width of the

intervals, and it moves in both directions at once. The early half improves because averaging four

anchors measures each year’s effect more precisely than one anchor can, which repairs what the prior

revision identified as its noisiest cut — six non-overlapping rebalances carrying a standalone t near 1.8.

The late half weakens correspondingly, and on this construction it is the marginal one: ten years at t ≈
1.9. We report this rather than the more favourable December-only split, and note that neither half

alone carries the result — the pooled estimate does.
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Forward top-minus-bottom-quintile gap by anchor, the three components side by side — navy is stock selection (the signal);

slate is the style- and sector-timing comparison series. Stock selection is positive at 47 of 59 quarter-end anchors (mean

+2.42pp, dashed line); style timing at 19 of 59 (mean −2.29pp); sector timing at 36 of 59 (close to a coin flip, +1.12pp). The

persistence is consistent across anchors and years, not the product of a single outlier or a single rebalance date.

Effective sample size and multiple testing. Three cautions belong with a t-statistic built on 59

anchors that are not independent of one another. First, the four tracks overlap in calendar time and

their annual gaps correlate at 0.65 on average across pairs, so treating 59 anchors as 59 independent

observations would be wrong: it gives a standard error of 0.47pp and t ≈ 5.1 against the reported

0.81pp and t ≈ 3.0. The reported interval comes from a bootstrap that resamples whole calendar years,

carrying every anchor in a resampled year together, which prices that dependence directly. The

replication appendix sets out the construction and the block-length sensitivity; one-year blocks are the

most conservative of the lengths tested and are what we report. Second, the trailing ranking feature is

persistent (one-year rank autocorrelation ≈ 0.78) — largely mechanical, since the 36-month feature

overlaps between observations; the persistence evidence is the strictly forward cross-sectional spread

— while the year-level gap series carries autocorrelation of −0.11, so the pooled estimator is not

inheriting momentum from its own denominator. Third, the design tests three skills; these are the

exhaustive decomposition of the return, not a search over candidate signals, and the stock-picking

result remains significant after correction: re-centring the bootstrap distribution to impose the null

gives a two-sided p ≈ 0.005, which becomes p ≈ 0.015 under Bonferroni, Holm and Benjamini–

Hochberg across the three components, still significant at the 5% level. The robustness comes less from

the nominal t than from the shape of the result: one component positive with its interval excluding

zero, one negative, one flat, consistent year over year, and consistent across anchors.
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Funds are sorted at each formation date into quintiles by trailing stock-picking, the same ranking feature used throughout, and

the quintiles compounded forward. Left (gross return): the spread looks large only because every quintile rides the same equity-

market base, and the ordering is not monotonic, so headline returns are not a clean read on selection. Right (style-neutral

residual): once the shared market, style and sector stack is removed, the quintiles fan out monotonically. The persistent stock-

picking skill lives in the residual, not in headline returns. This panel retains the December-anchored construction: multi-year

compounding across four overlapping tracks is not well defined, and compounding each track separately gives terminal

residual spreads of +35pp to +56pp.

Summary. Of the three things managers do, recent style-timing success predicts lower subsequent

performance, sector timing is not distinguishable from zero in this sample, and only stock picking

persists positively.

7. Robustness and limitations

7.1 Acting on filed rather than reported holdings
Everything above ranks funds on holdings as of their report date — the period the positions describe.

But an allocator cannot act on a quarter’s holdings until the fund actually files them, which for N-

PORT is up to ~60 days after quarter-end. So the practical question is: how much of the ranking signal

remains when it is acted on late?

The targeted correction: lag the feature. The look-ahead is confined to the most recent quarter —

the only months in the 36-month trailing feature whose holdings are not yet filed at the rebalance date;

the other ~33 months were filed long ago. So the surgical fix is to lag the ranking feature itself by ~60

days, dropping that one unfiled quarter from the average. On a December-anchored diagnostic sample

— not the Section 6 pooled construction, and reported only as a sensitivity check — this barely moves

anything: the forward Q5−Q1 gap changes by about 0.2pp and the t moves from ≈ 3.3 to 3.5. An
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investor who ranked funds using only the holdings they had actually filed by the rebalance date would

have selected essentially the same managers. A second, more aggressive check stales all holdings by 60

days and re-aggregates stock-by-stock through the same point-in-time positions, on the full history:

Holdings basis (2006–2024, n = 18) Forward Q5−Q1 t

Report date (as the positions describe the period) +2.6pp t ≈ 4.6

~60 days stale (the holdings an allocator could actually act on) +2.8pp t ≈ 4.8

Under this 60-day holdings lag the ranking is essentially unchanged — the trailing-skill feature is

slow-moving, so modest staleness barely perturbs it. The fixed-lag proxy shows little sensitivity to a 60-

day delay. It does not substitute for a test on observed filing-availability dates, which the panel does not

yet carry.

This check applies a fixed 60-day lag; it does not use observed filing dates. The proxy holds each fund’s

forward 12-month window fixed at a common anchor and only stales the holdings by a fixed 60 days.

A faithful treatment is more involved on two fronts, both deferred to a follow-up (tracked in the

backlog): (i) it must use the real per-filing availability dates (the N-Q reingest captures filing dates but

has not yet propagated them to the returns panel), and (ii) because each filing becomes actionable at a

different time, the forward 12-month windows shift per fund and per filing rather than sharing a

common anchor. N-PORT’s true availability is also quarterly plus ~60 days, so between filings the

actionable holdings can be 2–5 months stale; a short real-availability sample (N-PORT era, 2019+)

hints the fuller lag erodes the spread materially more than this gentle proxy. We therefore present this

only as preliminary evidence of robustness to a modest lag, not as a sized cost-of-delay.

7.2 Is the signal a durable level or a current reading?
An allocator choosing between “identify durably good managers and hold” and “re-rank as data

arrives” needs to know which of those two objects carries the forecast. Earlier revisions answered by

decomposing the trailing feature into a fund-level mean and a deviation and reporting the share of

predictive power in each. That approach is not reliable here, for three reasons, and it has been

replaced.

First, the answer depends almost entirely on whether the level is computed from data that overlaps the

scoring window. The outcome at t spans months (t, t+12], and the trailing features at t+12, t+24 and

t+36 each cover 36-month windows that fully contain it. A level computed from a fund’s full history —

or from its other observations, dropping only the row being scored — therefore contains the outcome it

is used to predict. Purging every observation whose source window intersects the scoring window

moves the level’s apparent share from 91.2% to 34.1% on December anchors and from 99.6% to 28.1%

pooled. The earlier figures measured overlap.
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Second, once the level is computed from prior data only, it correlates with the deviation (−0.33), so the

R² no longer partitions and any reported “share” depends on an attribution convention rather than

being a property of the data.

Third, the quantity of interest is not an in-sample share at all. What matters is which predictor

forecasts better out of sample.

We therefore compare forecasts directly. At each anchor, three predictors are formed from prior

information only: the fund’s mean trailing residual over its earlier anchors; the current trailing 36-

month residual; and a combination whose weights are fitted on earlier anchors alone. Each is scored

on the same forward twelve-month outcome, using the same quintile spread as the headline.

Predictor (prior information
only)

Forward
Q5−Q1

t 95% interval Mean rank
correlation

Fund’s level (prior anchors only) +0.81pp 2.12 [+0.06,

+1.57]

0.028

Current trailing feature +2.03pp 2.43 [+0.61,

+3.87]

0.111

Combination of the two +2.04pp 2.19 [+0.47,

+4.07]

0.126

209 funds, 8,793 fund-anchor forecasts across 57 anchors. This panel requires at least three prior anchors

per fund and so excludes each fund’s early history; its feature-only spread of +2.03pp is a sub-sample of

the +2.42pp headline rather than a competing estimate of it.

The combination is a single cross-fund least-squares fit of the outcome on the level and the deviation,

with an intercept, refitted at every formation date. Predictors are left in natural units, no sign or

magnitude constraints are imposed, the weights are common across funds, and at least 200

observations are required before a fit is attempted. Critically, the training set is restricted to anchors

whose entire forward scoring window closed before the current formation date — an earlier

formation date is not sufficient, because an anchor can precede t while its twelve-month outcome is

still running, and using it would be label leakage. The weights are estimated on that expanding

matured sample and the resulting prediction is evaluated out of sample.

Comparing predictors requires paired contrasts, not three separate intervals. On the 50 anchors where

all three are defined:
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Contrast Difference Bootstrap SE 95% interval

Current feature − level +1.31pp 0.73 [+0.01, +2.84]

Combination − current feature +0.05pp 0.18 [−0.31, +0.39]

Both contrasts are bootstrapped identically to the headline: a moving-block resample of whole calendar

years, one-year blocks, 20,000 replications, percentile intervals, on the anchors where all three predictors

are defined.

The current feature has a larger point estimate than the historical level, and the difference’s interval

excludes zero only marginally. The combination’s point estimate is indistinguishable from the current

feature alone.

The historical level does forecast — +0.81pp with an interval excluding zero — but on a smaller point

estimate than the current reading, and with a cross-sectional rank correlation close to zero. Adding it

to the current feature does not measurably improve the forecast.

The evidence therefore supports persistence in an observable, slow-moving ranking signal. It does not

support treating manager skill as a time-invariant fixed effect that can be estimated once and held

indefinitely — though it does not establish that no permanent component exists, since the prior level

itself forecasts +0.81pp with an interval that excludes zero. The operational form is to rank on the

current trailing residual and update as new holdings and performance arrive.

A separate measurement bears on why the level forecasts weakly. Splitting each fund’s history in half

and correlating the two half-period means across funds gives +0.223. Under a constant-level model

with roughly five effective observations per fund, that correlation would be expected near 0.6, so the

observed value is well below what a fixed fund effect implies — though a formal test requires a

parametric bootstrap under the constant-level null that respects the panel’s observation mask and the

overlap-induced autocovariance, which we have not run. The modelling question is set out in a

separate memo.

7.3 Does the skill appear in the stocks?
Conviction test (primary). The check that the fund-level persistence is identifiable stock-selection is

whether skilled funds’ large positions outperform unskilled funds’ large positions. At each annual

rebalance we rank cohort funds into skill quintiles on trailing stock-picking, take each fund’s ten

largest overweights versus the peer-cohort consensus holding, and compound those stocks’ forward

12-month style-neutral (subsector) residual, strictly after the report date (point-in-time). The top-

quintile minus bottom-quintile spread is +2.11pp / t ≈ 2.03, positive in 10 of 15 years on the cohort,

2006–2026. The within-fund variant (each fund’s ten largest positions, without the peer-consensus
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adjustment) gives +1.81pp / t ≈ 2.09. The index-relative variant (overweight versus actual SPY

constituent weights) gives +2.46pp / t ≈ 1.22 over the post-2019 window where SPY weights are

available, on six annual observations. Prior revisions reported this test at +2.17pp / t ≈ 2.78 with

index-relative corroboration at t ≈ 1.90; on the current cascade both are weaker, and the index-relative

variant no longer corroborates at conventional levels. The conviction-monotonicity sub-claim carried

in earlier revisions (+3.17pp / t ≈ 3.98 on the top five, +1.70pp on the top twenty) has not been re-

verified on the current cascade and is withdrawn pending re-run. A full treatment (reconstructed full-

history index weights, deciles, a replicable portfolio, costs) is deferred to a companion paper.

7.4 Capacity
Trailing-feature top-quintile retention is ~59%, partly reflecting the deliberately slow 36-month

construction (turnover approximately 41% per year, implying a mean holding period of approximately

2.4 years). For a manager-allocation signal this is highly tradeable — re-allocation roughly every 2.4

years sits well inside fund lock-up and redemption constraints — and the slow 36-month feature

produces stable manager rankings.

A second, distinct dimension of tradability sits one level down, at the holdings level: how slowly the

underlying positions turn. The manager-ranking turnover above measures how often an allocator re-

sorts funds; position retention measures how stable each fund’s own portfolio is between filings. The

signal is built on a trailing-36-month residual aggregated through point-in-time holdings that are

themselves persistent, so the feature does not swing on quarter-to-quarter position churn. Slow

underlying-holdings turnover reinforces the slow re-allocation cadence: both the ranking and the

positions that generate it move gradually, which is what makes the signal practical to act on rather

than a high-frequency trade.
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7.5 Limitations
The defensible significance is the pooled quarter-end-anchored statistic: four staggered annual

tracks, each internally non-overlapping, with the standard error from a bootstrap over whole

calendar years that prices their overlap. The headline configuration (Section 6) — the symmetric

style-neutral stock-picking test (a style-neutral feature against a style-neutral target) — is +2.42pp

forward Q5−Q1 at t ≈ 3.0, 95% interval [+1.05, +4.17]pp, and this is the single number used

throughout the paper. Anchoring on December alone, as the prior revision did, returns +2.93pp at

t ≈ 3.6; that figure is the largest of four correlated anchor estimates and the December advantage

is not statistically distinguishable from zero (Section 6), so it is not used. An earlier framing of this

work used a Newey–West t on overlapping monthly windows together with a monthly information

ratio; adversarial re-review showed those overstated the result — the “monthly” observations were

overlapping twelve-month windows that do not annualize cleanly, and a large part of the apparent

signal was a permanent level difference between funds rather than a timed bet. Those statistics are

deliberately not used here; the conservative annual t is.

Stock-picking persistence is measured in an observable, slow-moving ranking signal. It is not

established as a permanent manager fixed effect (Section 7.2).

The 1-year feature-rank autocorrelation is high (≈0.78), largely mechanical given the 36-month

overlapping construction (Section 5.1); the persistence evidence is the forward cross-sectional

spread, not this autocorrelation. The t is built on the non-overlapping annual Q5−Q1 gap series

(own autocorrelation ≈0), so the simple annual t uses the appropriate denominator and the

feature autocorrelation does not deflate it (full statement in Section 5.1).

Part of the negative style-timing signal reflects the tendency of a rolling exposure’s deviation from

its own mean to revert toward it; either way, the allocator conclusion (don’t credit recent style

timing) is unchanged.

This signal lives on the gross / holdings-derived side, where skill is measurable. The Berk-Green

caveat stands: the rents to genuine skill may accrue to managers rather than investors. The

analysis has the following limitations.

Cohort scope. The result is established on a diversified US large-cap equity cohort. We do not

extend the headline to sector funds, international, small-cap-only, or non-equity mandates; the

framework is portable, but the specific numbers are not.
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Survivorship and backfill. While the security-level cascade covers ~6,300 securities including

delisted names, the fund cohort is drawn from funds extant at the panel’s final date and back-filled

through history — it does not include funds liquidated, merged, or renamed before the panel end,

and so carries survivorship and backfill bias. We report sample-composition checks (fixed-survivor

and balanced-panel subsamples), where the result holds or strengthens (t ≈ 3.3). These are not

bounds on survivorship bias: restricting to funds present throughout intensifies selection toward

survivors rather than relaxing it, so they characterise sensitivity to sample composition and

nothing stronger. The direction of this bias is not fully resolved without a survivorship-free dead-

fund overlay. The survivor-hardened subsamples are reassuring, and the allocator use-case —

ranking among extant candidate funds — is partly insulated, but the definitive test is to add

liquidated, merged, and renamed funds in a future revision (Section 3).

Modest sample. The test rests on 59 quarter-end anchors across sixteen calendar years, and

inference resamples the sixteen calendar years rather than the anchors. The trailing feature is

autocorrelated at ≈0.78, which the 36-month overlapping construction largely explains and which

is not itself the persistence evidence; the year-level gap series carries autocorrelation of −0.11, so

the estimator does not inherit momentum from its own denominator (Section 6).

8. Conclusion
Within the sampled cohort, trailing style- and sector-neutral stock-selection residuals predict the

following year’s residual performance. The pooled estimate is +2.42 percentage points across 59

quarter-end formation dates, with a 95% interval of [1.05, 4.17] and a lower bound stable near +1.0pp

across every treatment of dependence we tested. Style-timing residuals predict negatively and sector-

timing residuals are not distinguishable from zero, measured through the identical procedure.

The evidence establishes persistence in an observable, slow-moving ranking signal. It does not support

treating manager skill as a time-invariant fixed effect that can be estimated once and held indefinitely.

On the common 57-anchor comparison sample, ranking on a fund’s expanding historical mean

produces a +0.81pp forward spread against +2.03pp for the current trailing feature. Earlier revisions

attributed the predictability overwhelmingly to a durable fund level, but that attribution rested on a

level computed from data overlapping the scoring window.

The practical consequence is that allocators should update the ranking as new holdings and

performance become available, rather than classify managers once as durably skilled. The framework

is portable to other mandates; the specific estimates are not.

Data & verification. Our own statistics are computed in-house on the cohort and panel described in

Appendix A and are stated in full. External comparisons are directional unless explicitly stated

otherwise, because the cited studies differ in universe, period, signal construction, and return
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definition. Third-party figures cited in the comparison table were checked against the referenced

source materials as of June 2026.

Appendix A. Replication
Every number in this paper is emitted by a single driver and stamped with the identity of the data it

came from. Two implementations of one quantity is the condition that produced the errors corrected

in this revision, so the drivers that previously duplicated these calculations have been retired.

Replication bundle. gs://rm_api_data/ERM3_Funds/replication/v1.6/  contains a standalone

script that reproduces the Section 6 headline from the published panel alone, requiring only xarray ,
zarr , gcsfs , pandas  and numpy  and importing nothing private, together with the results

manifest, the Section 7.2 forecast comparison, the level-versus-timing bases, the validation exhibits

and the cohort filter history. Verified from an empty directory against the public bucket.

Results manifest. build_results_manifest.py  writes results_manifest.json : each estimate,

its standard error, the interval and the method that produced it, together with the store path, the store

dimensions, the decomposition module version and the cohort specification version. Inference

parameters are recorded rather than described — block assignment, block length, percentile and basic

intervals, replication count (20,000) and seed — alongside the block-length grid, a Newey–West lag-3

comparison, and the naive independent-observation figure recorded explicitly as unused.

Cohort. The cohort is published as a versioned release at

gs://rm_api_data/ERM3_Funds/cohort/v1.1.0/ , containing the resolved fund list, every

exclusion with a per-fund reason, the machine-readable filter chain, and a worked example requiring

only xarray  and gcsfs . The panel itself is at

gs://rm_api_data/ERM3_Funds/ds_fund_returns_monthly.zarr  and carries the cohort as a

stored variable, so a consumer need not re-derive it. One step of the chain — de-duplicating distinct

SEC series that hold the same portfolio — is not reproducible from the published panel, because

detecting it requires per-fund daily return stores that are not published; the resolved list is therefore

the authoritative artifact for that step.

A note for anyone selecting the cohort programmatically. xarray ’s .where(cond,

drop=True)  performs an inner join on the condition’s coordinates and silently drops entities absent

from cond . Intersect fund_id  explicitly. An independent reimplementation of this cohort landed

on 349 funds rather than 212 through exactly this mechanism, without raising an error.
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Filter history. COHORT_FILTER_HISTORY.md  records each specification version, what changed, why,

and the effect on the headline — including detectors that were built and rejected, so they are not

rebuilt later. Separating cohort changes from data-vintage changes is what makes a future shift

attributable: the revision preceding this one spent a day establishing that a 0.6pp move came from an

upstream re-derivation of history rather than from any change to the filter.

A.1 Revision history
Revised v1.6 (August 2026). Three changes, each of which moves numbers, and each recorded

separately so a future refresh can attribute a shift. (1) Rebalance design. Prior revisions anchored the

annual test on December year-ends alone; this revision runs all four quarter-ends and pools them, with

a calendar-year block bootstrap for the standard error. December was the largest of four correlated

anchor estimates and its advantage over the other three is +0.76pp at t ≈ 1.0, leading in 7 of 15 years.

(2) Cohort. Spec v1.1.0 removes eighteen multi-asset and sector products the name filter admitted and

twenty-six duplicate series that are the same portfolio registered separately, taking the cohort from 256

to 212 funds. (3) Level-versus-timing. The between-fund share was previously computed from each

fund’s full-sample mean, which conditions on observations after the anchor being scored; purged of

observations overlapping the scoring window it falls from 91.2% to 34.1%, and the exhibit is replaced

by an out-of-sample forecast comparison. The headline is +2.42pp at t ≈ 3.0, 95% interval [+1.05,

+4.17]pp across 59 anchors, against +2.3pp at t ≈ 3.4 in v1.5 — the point estimate is essentially

unchanged and inference now accounts for dependence across anchors. Style timing now has an

interval excluding zero rather than being merely directionally negative. The ranking comparison

carried in prior revisions has been withdrawn pending re-validation. Full revision history lives in the

paper metadata and COHORT_FILTER_HISTORY.md.
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